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Abstract
Background: As a population, non-medical prescription opioid users are not well-defined. We aimed to derive and describe
typologies of prescription opioid use and nonmedical use using latent class analysis in an adult population being assessed
for substance abuse treatment.
Methods: Latent class analysis was applied to data from 26,314 unique respondents, aged 18-70, self-reporting past month
use of a prescription opioid out of a total of 138,928 cases (18.9%) collected by the Addiction Severity Index-Multimedia
Version (ASI-MVH), a national database for near real-time prescription opioid abuse surveillance. Data were obtained from
November 2005 through December 2009. Substance abuse treatment, criminal justice, and public assistance programs in the
United States submitted data to the ASI-MV database (n=538). Six indicators of the latent classes derived from responses to
the ASI-MV, a version of the ASI modified to collect prescription opioid abuse and chronic pain experience. The latent class
analysis included respondent home ZIP code random effects to account for nesting of respondents within ZIP code.
Results: A four-class adjusted latent class model fit best and defined clinically interpretable and relevant subgroups: Use as
prescribed, Prescribed misusers, Medically healthy abusers, and Illicit users. Classes varied on key variables, including race/
ethnicity, gender, concurrent substance abuse, duration of prescription opioid abuse, mental health problems, and ASI
composite scores. Three of the four classes (81% of respondents) exhibited high potential risk for fatal opioid overdose;
18.4% exhibited risk factors for blood-borne infections.
Conclusions: Multiple and distinct profiles of prescription opioid use were detected, suggesting a range of use typologies at
differing risk for adverse events. Results may help clinicians and policy makers better focus overdose and blood-borne
infection prevention efforts and intervention strategies for prescription opioid abuse reduction.
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Introduction
Since the 1960s, the availability and potency of prescription
opioids in the United States (U.S.) has increased dramatically
[1,2,3], with a concomitant increase in abuse of these medications
[4]. Prescription opioids now outrank marijuana as the drug most
associated with first time illicit drug use [4]. Non-medical use of
prescription opioids is of public health concern because it is linked
to serious personal health consequences, including addiction and
fatal opioid overdose [5], injection drug use [6], and poly-drug use
[7]. Drug-related deaths, primarily comprised of overdoses,
overtook motor vehicle accidents in 2009 as the leading cause of
accidental adult death in the US, an increase that has largely been
attributed to greater involvement of prescription opioid medica-
tions [8,9,10]. Since 2002, deaths linked to prescription opioid
medications outnumbered the total of deaths caused by heroin and
cocaine combined [11]. A study by Hall and colleagues showed
that 93.2% of all unintentional overdose deaths in West Virginia in
2006 could be attributed to prescription opioids [12].
As a population, non-medical prescription opioid users are not
well-defined. Previous studies have focused on various demo-
graphic groups of non-medical prescription opioid users, ranging
from young people [13], college students [14,15], the elderly [16],
women [17,18], chronic pain patients [19,20] [21], to street drug
users [22]. These populations may differ drastically in important
ways, including route(s) of administration of the prescription
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and history of substance abuse dependence, among others. Such
variability makes it difficult to summarize these disparate groups.
Furthermore, clinicians and policy makers are faced with the
challenge of focusing prevention, screening, intervention, and
treatment strategies to address non-medical prescription opioid use
in a way that prioritizes individuals at high risk of harm and poor
health outcomes, without a clear sense of the nature of the
disparate populations that may be involved.
The aim of this study was to derive and describe typologies of
prescription opioid use in a large and diverse population of adults
in treatment for substance abuse or dependence using latent class
analysis. A latent class analysis approach assumes that the study
population represents not one homogenous group of prescription
opioid users but a mixture of several distinct subgroups of medical
and non-medical prescription opioid users. These subgroups are
latent, that is, they are not directly observable but they can be
inferred based on similarities in individuals’ responses to questions
about their health behaviors and non-medical prescription opioid
use. Employing such an analysis, people are empirically divided
into subgroups rather than categorized a priori or by study design.
Latent variables are commonly applied in healthcare. For
instance, the latent concept of ‘‘quality of life’’ refers to a
measurement that cannot be directly observed but is instead
derived from clinical observation and questions administered to a
patient or caregiver.
Methods
This study was approved by the Institutional Review Board of
Rhode Island Hospital and determined to be exempt from the
Federal Regulation 45 CFR 46. Data were de-identified for
analysis; therefore, the Institutional Review Board of Rhode Island
Hospital waived the need for consent.
Sample
The study protocol sample consisted of respondents aged 18 to
70 years being assessed for substance abuse treatment at a
treatment facility, criminal justice setting, or public assistance
program across the U.S. who completed the Addiction Severity
Index-Multimedia Version (ASI-MVH) (described below). At the
time of this study, the ASI-MV database consisted of 138,928
assessments, collected from November 2005 through December
2009. These assessments, generally included as part of the intake
process for substance abuse treatment, were conducted in 538
sites, serving patients from 474 unique resident 3-digit ZIP codes.
Assessment sites in the ASI-MV network use the ASI-MV to for
treatment planning and triage around substance abuse problems
and associated life-functioning areas. Of the participating sites,
57% provide predominately substance abuse assessments for
inpatient/residential treatment, outpatient non-methadone and
methadone maintenance programs. Respondents also may have
completed the ASI-MV as part of their experience in drug court,
probation/parole, or Driving While Intoxicated (DWI) programs
(approximately 33%) with another 7% classified as a combination
of substance abuse and criminal justice assessments. Just over 2%
of all assessments are conducted for TANF (Temporary Assistance
for Needy Families) programs in order to determine need for
treatment.
Measures
ASI-MV. The ASI-MV is a proprietary data stream of the
National Addictions Vigilance Intervention and Prevention Pro-
gram (NAVIPPROH) [23], a comprehensive risk management
system for prescription opioids and other Schedule II and III
therapeutic agents. The ASI-MV is a computer-administered
version of the Addiction Severity Index (ASI); a standard intake
assessment designed for use upon treatment admission with
demonstrated reliability and validity [24]. The ASI-MV presents
questions on the computer in both text and audio to address
literacy limitations. In addition to the original ASI questions, the
program collects product-specific, geographically-sensitive
information about past 30 day prescription opioid use/abuse
along with questions about route(s) of administration (oral,
smoking, snorting, injecting), source of drug, whether they
currently have a pain problem, and whether they have taken
prescribed pain medication for their pain in the past 30 days. As in
the original ASI [25], responses to the ASI-MV generate
composite scores that reflect severity in seven problem areas
known to be associated with substance use disorders: alcohol and
drug use, employment and family/social functioning, and medical,
legal, and psychiatric status. For each of these domain areas,
objective questions measure the number, extent, and duration of
symptoms in the past 30 days, along with subjective ratings of
severity in each problem area. Items within each domain are
mathematically combined to generate composite scores that range
from 0 to 1 where higher scores reflect greater problem
severity[25].
The software generates a psychosocial report and other
documentation that is important clinically. As such, this
assessment is part of the clinical flow and is not a separate survey
or questionnaire [23]. Data from ASI-MV assessments are
collected for clinical purposes. Once the patient completes the
assessment, data are de-identified, made HIPAA compliant and
uploaded to a central server. Network sites are not paid for these
data which constitute a continuous, real-time data stream on
substances used and abused by adult respondents (18 years or
older) entering or being assessed for substance abuse treatment.
Latent class analysis Indicators. Six indicators were used
to capture the latent variable of prescription opioid use. At the
time of the analysis, use and non-medical use of 52 specific
prescription opioid products were captured by the ASI-MV
(Table 1). Two indicators of any past month non-medical use, one
for short-acting and one for long-acting prescription opioid
medications, were created based on responses to the product-
specific items. In the ASI-MV, non-medical use is operationalized
as self-reported past 30-day use of any prescription opioid ‘‘not in
a way prescribed by your doctor, that is, for the way it makes you
feel and not for pain relief.’’ A third indicator aimed to capture
aspects of ‘‘intended route of administration’’, taking into account
the self-reported route of administration of the prescription opioid
medication. Based on mounting evidence that a drug’s route of
administration may signify different degrees of dependence or
addiction [26,27] and has public health implications for risk of
blood borne virus transmission [28,29,30,31], this indicator
dichotomized use of a drug by any route of administration other
than as intended (i.e., oral for most formulations). A fourth
indicator reflected the source of the medication, dichotomized to a
single, licit source (one’s own doctor) versus all other sources (e.g.,
dealer, friends/family). The final two indicators represented
whether or not the respondent self-reported having either a
chronic medical health problem or a pain problem and whether or
not the respondent was taking a prescribed medication for a
medical problem or receives help for a medical problem in the past
30 days. The dichotomized variables included as latent class
indicators are listed in Table 2.
Covariates. Adjusted latent class analysis models considered
three demographic covariates: age, minority status (White,
Prescription Opioid Use Typologies
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compare other sociodemographics from the ASI-MV, including
employment and educational status, living situation, incarceration
history, U.S. Census region of respondent’s residence, history of
abuse (physical, sexual), self-reported concurrent medical and
psychiatric co-morbidities, current prescription for psychiatric
medication, current use of alcohol to intoxication (i.e., at least five
drinks in a day for men, four for women), duration of illicit drug
use by substance, overdose history, and recent (past year) initiation
of heroin and injection drug use. Finally, ASI composite scores
were examined. An ASI composite score [25,32] was calculated
for each problem domain and represents current (past 30-day)
problem severity of the respective domain.
Statistical analysis
We used latent class analysis, a statistical method for discovering
subgroups, or latent classes, in a population. The latent class
analysis results in estimates of: (a) the prevalence of each latent
class (i.e., prior probability that a randomly chosen person will be
in each class), and (b) the probability of response to an indicator,
conditional on the latent class. Class categorizations are based on
the prevalence of the latent classes and are mutually exclusive and
exhaustive; once an individual is determined to belong to a certain
latent class they cannot be a member of another latent class.
Latent class analysis can also incorporate covariates which may
influence class membership [33]; multi-level latent class analysis
can incorporate clustering of responses, for instance, at the
geographic level, as random effects [34]. A random effect for the
respondent 3-digit ZIP code was included in the model. Latent
class analysis methods have been used in several recent studies on
drug and alcohol abuse [35,36].
To identify the optimal number of latent classes and the best
fitting model, we sought to minimize the Bayesian Information
Criterion (BIC) —a goodness-of-fit measure used in model selection
that takes into account the number of parameters in the model—
and yield interpretable latent classes of .1% prevalence (i.e.,
avoiding obscure, unstable class sizes). The BIC was selected over
other goodness-of-fit criteria (e.g., Akaike’s Information Criterion)
for latent class analysis based on its performance in simulation
studies [37]. Unadjusted models considered one to eight classes.
Eight was chosen as the upper limit of the possible number of latent
classes, to leave open the opportunity for identifying unique trends.
However, a balance between parsimony, meaningful differences in
the addition of more numerous classes and, ultimately, fulfillment of
the BIC and prevalence criteria took precedent. Once a final model
Table 2. Class prevalence among the study sample and adjusted probabilities of responding to each indicator conditional upon
membership in the latent class.
Class 1
Use as prescribed*
N=4,973
Class 2
Prescribed misusers
N=7,079
Class 3
Medically healthy abusers
N=9,420
Class 4
Illicit users
N=4,842
Class Prevalence 18.9% 26.9% 35.8% 18.4%
Indicators: ‘Yes’ response to the following
Nonmedical use of Short acting prescription opioid 0.0761 0.7545 0.7512 0.8161
Nonmedical use of Long acting prescription opioid 0.0031 0.4682 0.5091 0.9236
Use by non-medical route of administration 0.0111 0.2430 0.3374 0.9089
Illicit source (i.e., not one’s own, single physician) 0.0005 0.4773 0.8816 0.9994
Has a current chronic medical health
problem/pain problem
1.00 0.9706 0.5138 0.4346
Takes prescribed medication for a medical problem/Receives
help for a medical problem, past 30 days
0.9485 0.8863 0.6068 0.4859
*To understand this table’s content, take for instance class 1, which had a prevalence of 18.9%. Conditional upon membership in this class, class 1 respondents had very
low adjusted probabilities (close to 0) of responding ‘Yes’ to the first 4 indicators listed and very high adjusted probabilities (close to 1.0) of responding ‘Yes’ to the last
two indicators: ‘Has a current chronic medical health problem/pain problem’ and ‘Takes prescribed medication for a medical problem/Receives help for a medical
problem, past 30 days’. Based on this pattern of response, class 1 was labeled, for ease of discussion, as ‘use as prescribed’.
doi:10.1371/journal.pone.0027244.t002
Table 1. Compounds and example prescription opioid
medication products tracked by ASI-MV and included in
analysis.
Compound
Example product: brand name or generic
and manufacturer
Oxycodone extended
release
OxyContin (before reformulation),
oxycodone ER-Endo Pharmaceuticals
Oxycodone combination
immediate release
Percocet, Tylox
Hydrocodone Vicodin, Lortab
Meperidine Demerol
Propoxyphene Darvocet, Darvon
Fentanyl Duragesic, Fentora
Oxymorphone Opana ER, Opana IR
Hydromorphone Dilaudid, Palladone
Codeine Tylenol with codeine
Morphine MS Contin, KADIAN
Tramadol Utram, Ultracet
Methadone* methadone—Covidien Pharmaceuticals,
methadone—Roxane Laboratories
Buprenorphine Subutex, Suboxone
Pentazocine Talwin
Butorphanol Stadol
*Includes methadone products used in the treatment of chronic pain only.
ER=extended release, IR=immediate release.
Note: This is a partial listing of the brand name and generic opioid analgesics
tracked by ASI-MV and used in this analysis. Please contact Inflexxion, Inc. for
the full list of products included in this analysis or for information on all
Schedule II and III medications tracked by the ASI-MV.
doi:10.1371/journal.pone.0027244.t001
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and then we included the covariates in a stepped fashion
individually and summarily in adjusted latent class analysis models
[38]. The modal class was used for cross-class comparisons. Mplus
version 5.2 [34] and Latent Gold version 4.5 software were used to
fit the latent class analysis models; all class comparisons were
conducted in SAS v.9.2.
To better characterize the adjusted latent class analysis results, we
tabulated class-specific descriptive statistics for the socio-demograph-
ic and substance abuse covariates, and conducted Pearson x
2 tests of
categorical variables and ANOVAs with Tukey-Kramer post-hoc
tests for multiple pairwise comparisons of the ASI composite scores.
In addition, to provide evidence that the classes differed in clinically
meaningful and public health-relevant ways, we evaluated the risk of
fatal and nonfatal opioid overdose and of blood-borne infection for
each class. A high level of risk of fatal and nonfatal opioid overdose
was based on the prevalence of risk factors known to be associated
with fatal and nonfatal overdose (i.e., heavy alcohol use, benzodi-
azepine/sedative use, use by injection, poly-opioid use, incarceration
history, comorbid medical conditions) [39,40,41,42]. High risk of
blood-borne infection was assigned based on drug use by injection
[28,43,44]. Elevated risk was assigned based on non-injection drug
use associated with transmission of HIV, namely crack/cocaine use;
low risk was assigned based on absence or low prevalence of risk
factors associated with high or elevated risk.
Results
Demographics of ASI-MV Population and latent class
analysis study sample
The mean age of the full sample (N=138,928) was 34.5 years
(S.D.=11.6 years); 64.1% of the sample was male and 53% was
non-Hispanic White, with 16% African American and 24.2%
Hispanic/Latino. Of the sample, 30.5% reported having chronic
medical problems and 31.0% reported having a pain problem (i.e.,
"Do you have a pain problem? That is, a physical pain that is more
than the usual aches and pains?"). Approximately nineteen percent
(18.9%) of respondents reported use of prescription opioids in the
past 30 days and were aged 18 to 70 years. These 26,314 unique
respondents served as the latent class analysis study sample.
The mean age for the latent class analysis sample (N=26,314)
was 35.2 years (S.D. 11.3 years); 56.4% were male and 63.6% were
of non-Hispanic White race/ethnicity, with 9.9% African Ameri-
can, 22.0% Hispanic/Latino, and 5.0% of other race/ethnicity.
Among these respondents, 53.3% reported having chronic medical
problems and 66.4% reported having a pain problem.
Determination of the number of latent classes
A four-class unadjusted model fit best: the prevalence of each
class exceeded 5% and, while no minimum BIC was reached at
this point in the modeling, the difference in BICs was minimal
(BIC 5 class =159042 vs. BIC 4 class =159129). The four-class
model defined clinically interpretable and relevant subgroups,
labeled based on their pattern of item-response probabilities and
for discussion purposes as: Use as prescribed, Prescribed misusers,
Medically healthy abusers, and Illicit users. More specifically,
Table 2 reports the probability of responding ‘yes’ to each of the
six self-reported latent class indicator items (Table 2), conditional
upon membership in the given latent prescription opioid use class,
and the relative prevalence of each class. Model fit improved after
adjusting for age, minority status, and sex (BIC =154341). All
bivariate residuals among the six latent class indicators were high,
and as a result, direct effects were incorporated into the model to
account for these residual correlations. Three high bivariate
residual values between latent class indicators and the covariates
were also detected; inclusion of these direct effects further
improved the model fit (BIC =154099).
Class characteristics and cross-class comparisons.
Table 3 presents class characteristics and differences across key
socio-demographic and substance abuse covariates. All calculated
differences in the cross-class and pairwise comparisons were
statistically significant (p,.05).
Respondents in the Use as prescribed class (class 1) and Prescribed
misusers class (class 2) were the oldest, and the Illicit users (class 4) the
youngest. The Use as prescribed class was characterized by its older
age, medical use, lack of recent employment, and general lack of
problematic drug use, including non-medical prescription opioid use.
In contrast, the Prescribed misusers class (class 2) exhibited similar
medical problems to those using as prescribed, had proportionately
more females, greater racial diversity, histories of current and past drug
abuse, and, uniquely, self-reported the highest rates of sexual and
physical abuse histories, lifetime depression, lifetime anxiety, and
currently prescribed psychiatric medications of all the classes. The
Medically healthy abusers class (class 3) was distinct from the first two
classes in its younger age demographic, lower education levels, and
extensive history of heavy drinking and illicit drug use. They also
reported using alcohol to intoxication the most often. Both the
Medically healthy abusers and Illicit users (class 4) classes exhibited
greater criminal involvement, recent employment problems, current
illicit drug use, and recent initiation of non-medical use of prescription
opioids, heroin, and injection drug use. The Medically healthy abusers
class reported similar, sizeable proportions of past year initiation of
nonmedical use of one and multiple prescription opioid medications.
The Illicit users class were more likely to report recent initiation of
multiple rather than one prescription opioid. Though they were the
youngest of the four groups, the Illicit users reported a long history of
abuse of therapeutic drugs and, more recently, illicit drug use, includ-
ing initiation of heroin and other drug use by injection. Prescription
opioids were indicated as the primary problem drug by 2 of every 5
people in the Illicit users class. Demographically, the Illicit users class
were comprised of mostly non-Hispanic Whites (86.7%), males
(60.5%), and had the lowest prevalence of marriage of the classes.
Class differences by ASI Composite scores. Table 4
displays the between-class differences for the composite scores of
each of the seven ASI domains. All comparisons returned
statistically significant cross-class comparisons, except where
noted in the table. Class 1 (Use as prescribed) had the highest
ASI composite scores in the medical domain. Class 2 (Prescribed
misusers) also scored high on the medical domain and exhibited
the highest psychiatric domain score of all classes. Class 3
(Medically healthy abusers) showed the highest composite score in
the alcohol domain but low scores in the medical domain. The
highest composite scores in the drug and legal ASI domains were
detected among members of class 4 (Illicit users).
Potential risk of overdose and of blood-borne viral
infection. Three of the latent class analysis classes evidenced
high potential for fatal and nonfatal opioid overdose (Table 5):
Prescribed misusers, Medically healthy abusers, and Illicit users,
based on their co-prescribed psychiatric medications, problem
drinking, recent incarceration, and concurrent opioid use, often by
injection. The highest potential risk of blood-borne viral infection
was found among the Illicit users (class 4), with Medically healthy
abusers at elevated risk of infection.
Discussion
The current study is the first latent class analysis of prescrip-
tion opioid use in a population of individuals being assessed for
Prescription Opioid Use Typologies
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Suggested Name
Class 1 Use as
prescribed
Class 2 Prescribed
misusers
Class 3 Medically healthy
abusers
Class 4 Illicit
users
Mean age (SD) 40.2 (10.9) 42.6 (10.2) 31.3 (9.1) 26.9 (6.9)
Non-Hispanic White race 60.1 51.5 61.4 86.7
Female 45.2 50.3 39.6 39.5
Married 27.9 27.2 21.1 15.6
Less than high school education 29.0 30.3 31.4 28.0
Usual full/part-time employment, past 3 years 38.8 35.4 54.8 53.9
Employment problems .50% of days paid in past 30 37.4 41.1 48.0 50.4
Past year incarceration 16.6 16.3 21.6 20.3
Concurrent substance abuse
Cocaine/crack 9.4 17.9 25.6 37.5
Amphetamine 3.3 7.6 12.6 20.5
Sedative 21.7 29.3 30.7 46.7
Methadone 7.3 15.6 15.9 33.5
Alcohol to intoxication.3 days/wk 5.6 11.3 15.9 15.7
Heroin history
No heroin use 90.8 78.1 75.5 63.2
Heroin use $1 year, not current user 6.2 10.2 7.0 5.8
Current heroin use, not new initiate 1.8 8.1 11.3 15.7
Past year initiate to heroin use 1.2 3.6 6.2 15.2
Injection history
Never injected 82.0 67.4 66.9 47.9
Ever injected, not new initiate 16.6 27.4 25.1 31.8
New initiate to injection 1.4 5.1 8.0 20.4
Past year initiation of non-medical prescription opioid use
Initiated with 1 prescription opioid 0.5 8.8 11.7 2.4
Initiated with .1 prescription opioid 0 6.7 11.2 17.1
Duration of use*
Illicit drugs
0 years 61.3 48.9 41.1 31.4
More than 3 years 19.0 27.4 26.4 23.2
Non-medical use of therapeutics
0 years 67.1 48.7 50.0 27.4
More than 3 years 14.6 23.9 15.7 23.5
Primary problem
Heroin 5.3 12.9 15.4 18.2
Prescription opioids 5.1 13.6 17.0 41.4
Mental health
History of depression 72.6 80.1 74.1 73.9
History of anxiety 73.8 80.3 73.5 74.6
Past suicide attempts or ideation 6.1 11.3 9.8 10.2
History of physical abuse 51.5 57.9 48.8 44.2
History of sexual abuse 30.2 36.3 27.6 25.0
Prescribed psychiatric medications 40.1 42.7 26.9 26.1
All variables are statistically significant (p,0.05 or less) from one another, based on Pearson x
2 tests of categorical variables (df=3, x
2 values larger than critical value
7.81) and ANOVA (F(3, 26,311)= 3,057, (p,0.001)) with Tukey-Kramer post-hoc tests for multiple pairwise comparisons for the age variable.
SD=standard deviation.
*For duration of use, illicit drugs include cocaine, amphetamines, hallucinogens, and inhalants; heroin is presented separately. Therapeutics include benzodiazepines,
antidepressants, and methadone and exclude all other prescription opioids.
doi:10.1371/journal.pone.0027244.t003
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respondents in the U.S. Due to the high degree of specificity of
the ASI-MV database, we were able to explore patterns of
prescription opioid use that incorporated route of administration,
source of drug, and product-level indicators of non-medical use for
short and long-acting opioid medications. Our results show that
four unique groups of prescription opioid users could be identified
within this sample: use as prescribed class (class 1), prescribed
misusers class (class 2), medically healthy abusers class (class 3) and
illicit users (class 4). These groups differed in key ways relevant to
public health and clinical intervention, including: age, race/
ethnicity, concurrent drug use, onset and duration of their drug
Table 4. Addiction Severity Index composite scores by latent prescription opioid use class.
Suggested Name
Class 1
Use as prescribed
Class 2
Prescribed misusers
Class 3
Medically healthy abusers
Class 4
Illicit users
Class Prevalence 18.9% 26.9% 35.8% 18.4%
Addiction Severity Index Composite Scores, Mean (SD)
Alcohol 0.11 (0.19) 0.17 (0.25)
a 0.21 (0.26) 0.19 (0.25)
a
Drug 0.09 (0.10) 0.16 (0.13) 0.19 (0.14) 0.31 (0.13)
Employment 0.65 (0.30)
a 0.67 (0.30)
a 0.63 (0.31)
b 0.62 (0.30)
b
Family 0.20 (0.20) 0.26 (0.22)
a 0.27 (0.21)
a 0.30 (0.21)
Medical 0.70 (0.24)
a 0.69 (0.26)
a 0.37 (0.32) 0.36 (0.32)
Legal 0.14 (0.18)
a 0.16 (0.20)
a 0.20 (0.21) 0.24 (0.24)
Psychiatric 0.32 (0.26) 0.40 (0.27) 0.34 (0.26)
b 0.35 (0.25)
b
All one-way ANOVAs were statistically significant (p,0.05 or less) from one another, conducted with F (3, 26,311). The one-way ANOVAs returned results larger than the
critical value of 2.70 (p=0.05) or 3.98 (p=0.01). In post-hoc comparisons of the ASI composites across classes, same letter superscripts denote statistically similar values,
where p$.05 in Tukey-Kramer post-hoc ANOVA tests. All other post-hoc comparisons were statistically different from one another. For instance, for ASI Employment,
classes 1 and 2 have similar values (p.0.05) which are statistically different from classes 3 and 4 (p,0.05).
SD=standard deviation.
doi:10.1371/journal.pone.0027244.t004
Table 5. Overdose and blood-borne viral infection risk potential of the four latent prescription opioid use classes.
Fatal and nonfatal opioid overdose
Risk factor
Class 1
Use as prescribed
Class 2
Prescribed misusers
Class 3
Medically healthy abusers
Class 4
Illicit users
Change in tolerance
Incarceration history
XX
Illness
Comorbid medical conditions/highest ASI medical
composite score
XX
Use drugs alone
Not assessed
Mixing/poly-pharmacy
Heavy alcohol use/highest ASI alcohol composite score
X
.30% prevalence sedative use/highest ASI psychiatric
score
XX X
Poly-opioid use X
Dose/route
History or recent initiation of drug use by injection
XX X
Overall overdose risk potential Elevated High High High
Blood-borne viral infection (HCV, HIV, HBV)
Risk factor
Class 1
Use as prescribed
Class 2
Prescribed misusers
Class 3
Medically healthy abusers
Class 4
Illicit users
Recent initiation of injection X
Crack/cocaine use XX
Overall blood-borne viral infection potential risk Low Low Elevated High
‘X’ indicates risk factor present at 20% or greater and/or highest related ASI composite score in class; Low risk potential=no risk factors present; Elevated risk
potential=one risk factor present; High risk potential=two or more risk factors present.
HCV=hepatitis C virus, HBV=hepatitis B virus, HIV=human immunodeficiency virus.
doi:10.1371/journal.pone.0027244.t005
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medical problems, among others.
Several of our findings converge with other studies of trends
in prescription opioid abuse. Data comparing 1998 to 2008
substance abuse treatment admissions involving prescription opioid
pain relievers from the Treatment Episode Data Set (TEDS)
showed a four-fold increase in admissions, with notable increases in
the proportion of people reporting pain reliever abuse with a co-
occurring psychiatric disorder [45]. In general, the TEDS sample of
prescription opioidabusers is demographically similar to thecurrent
study population(i.e., predominantly non-Hispanic White, aged 18-
34 years, sizeable and growing proportion of females). Two
published latent class analyses have addressed non-medical use of
prescription opioids in the U.S., using random national household
samples. The first study, analyzing data from the 2002–2003
National Survey on Drug Use and Health (NSDUH), also identified
a four class model of opioid analgesic users based only on measures
of dependence [46]. In this study, a class of users was described
with low probability of endorsing any of the seven symptoms
of dependence and another class of users with high probability of
endorsing each of the seven symptoms of dependence, potentially
similar to our classes 1 and 4, respectively. Two other classes were
characterized as more moderate in terms of endorsing symptoms of
dependence. Wu et al. also conducted a latent class analysis, using
data from respondents to the National Epidemiologic Survey on
Alcohol and Related Conditions (NESARC), but their analysis
considered those who self-reported non-medical prescription opioid
use as defined by the survey tool [47]. The authors discovered four
subtypes of non-medical prescription opioid users, linking several
types to high rates of major depression and disability in the mental
health domains and with differences by gender in patterns of other
drug use combined with non-medical prescription opioid use.
However,theNSDUHand NESARCarehousehold-basedsamples
and exclude incarcerated populations, those who are homeless, and
other marginalized populations whose exclusion or non-participa-
tion may lead to an under-counting of the extent and nature of drug
use in the community.
McCabe et al. characterized college-aged non-medical users of
prescription opioids a priori into subgroups based on motive, route
of administration, and co-ingestion with alcohol [48]. Interesting-
ly, similar to the Class 2 (Prescribed misusers) discovered in the
current analysis, one group in the McCabe et al. study was
described as ‘‘self-treatment types’’, who used mainly oral routes of
administration, had no co-ingestion with alcohol, and were
motivated by wanting to achieve greater pain relief. Also described
was a ‘‘recreation subtype’’ group, which appeared qualitatively
similar to those in our Class 3 (Medically healthy abusers) in that
they reported co-ingestion with alcohol. Different from these prior
studies, our approach employed as latent class indicators product-
specific route of administration and drug source questions
collected by the ASI-MV, and it considered as the population at
risk for non-medical prescription opioid use all persons currently
using these medications. Lacking information on motivations for
use, this expanded risk pool was crucial to exploring how
medication prescribed to an individual is potentially being used
or misused. In addition, our analyses and data interpretation take
a public health approach, aiming to highlight not just the clinical
salience of these subgroups to treatment providers but also the
association of the discovered subpopulations with important drug
use consequences (i.e., overdose, blood borne virus) of public
health import. These results represent a unique contribution to the
descriptive epidemiology of prescription opioid use in the U.S.
Prescription opioid abuse is a well-characterized phenomenon
among pain patients [23,49,50,51]. A recent study [52] reported
that 47% of persons presenting for treatment from oxycodone
addiction had their first exposure to opioids through a prescription
for pain relief and that 31% had no prior history of substance
abuse. However, a recent systematic review found that patients
with chronic non-cancer pain who had comorbid substance use
disorders are more likely to be prescribed opioids and higher doses
of opioid medications compared with patients who do not have a
history of substance use disorders despite similar pain outcomes
[53]. While our data do not permit us to determine whether the
Prescribed misusers class represent people undiagnosed or under-
treated for physical or psychic pain or some other underlying
medical condition, our findings indicate that this class is in contact
with the medical community, has obtained access to prescribed
medications, and reports misusing them. It is crucial to recognize
that this group represents approximately a quarter of our sample;
most people reporting non-medical prescription opioid use are not
patients misusing their medications. Calls to restrict people with a
substance abuse history from receiving prescription opioid
medications for pain appear unjustified.
The class referred to as Medically healthy abusers (Class 3)
account for the largest group in this analysis (35.8%). Associations
between past-year non-medical use of prescription opioids and
alcohol have been reported in other studies, including results from
the general, non-treatment seeking population [54,55,56] and
among college students [57,58,59,60,61]. Indeed, other studies
have shown that those who report misuse of prescription opioids
for pain relief (possibly analogous to Class 2 in the current latent
class analysis), report less co-ingestion with alcohol than those who
are misusing for reasons other than pain relief, such as those in
Class 3 [48,62]. Given the higher alcohol problems in this and
other classes, prevention efforts could consider screening for
prescription opioid abuse in driving while intoxicated cases and
detoxification and outpatient treatment programs for patients with
alcohol abuse and dependence.
Illicit users (class 4) scored the highest on the Drug and Legal
domains of the ASI (indicating greater problems), reported a high
prevalence of recent initiation of non-medical use of multiple
prescription opioid medications in the past year, and had high
prevalence of ever and recent initiation of injecting. Similar socio-
demographic and concurrent drug use characteristics have been
observed among street drug users in New York City [63] and
among rural drug users located in Kentucky [64] and Ohio [65],
especially in regards to crack cocaine use. In their qualitative study
of prescription opioid users in NYC, Davis et al. conceptually
categorized the population of prescription drug users into five
subgroups, including an ‘‘illicit ingestion’’ group [22]. Several
characteristics displayed by the Illicit users class (i.e., injection drug
use) put them at increased risk for dependence [66]. Other authors
have detected populations of non-medical prescription opioid
users who report injection [67,68,69], often manifesting in areas of
the South [69,70]. Snorting of prescription opioids has also been
described in young people [15] and is associated with experiencing
substance use-related problems. Taken together, it appears that
this class moves quickly to opioid addiction and is at extremely
high risk of more severe addiction, opioid-related morbidity, and
potentially, death.
Results further suggest the risk of serious health consequences
borne by many of the prescription opioid use classes. Due to their
frequent use of alcohol to intoxication, concurrent use of
benzodiazepines, drug use by injection, history of incarceration,
high prevalence of comorbid conditions, and/or poly-opioid use
behaviors [39,40,42,71], up to 81% of people in this sample (i.e.,
sum of prevalence for classes 2–4) are at high risk of fatal and
nonfatal opioid overdose (Table 5). Risk of blood-borne viruses such
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injection [28,29,30,31], could be high for up to 18.4% (i.e.,
prevalence for class 4: Illicit users) of the current study population
(Table 5). Sero-prevalence studies could be conducted to verify
differential prevalence and risk by prescription opioid use typology.
Our results may be useful in posing these and additional research
questions and, as suggested in Figure 1, in formulating better
targeted preventive interventions to reduce fatal and nonfatal opioid
overdose and blood-borne infection in the community.
Our results add to a growing body of research indicating that
prescription opioid products are being misused and abused in ways
that call for more nuanced and public health-oriented post-
marketing surveillance and risk management responses than have
been proposed heretofore. The main thrusts of the current
Prescription Opioid Abuse National Strategy [72] and the Food
and Drug Administration’s Risk Evaluation and Mitigation
Strategy components [73] rely heavily upon provider and patient
education and expansion of prescription monitoring programs.
Based on our findings, such efforts will have limited effect on
the largest subpopulations of non-medical prescription opioid
users who are at greatest risk of adverse health events. These
subpopulations are sizeable, exist primarily outside of the regular
care of medical professionals, and would likely require other, very
different intervention techniques, as Figure 1 suggests, such as
targeted overdose prevention counseling and response [74,75,76]
and health or social service venue-based preventive interventions
(e.g., syringe exchange/delivery programs, programs tailored to
drug detoxification program attendees), to reduce their risk of
addiction, transmission of blood-borne viruses, and overdose. A
comprehensive public health approach that incorporates supply
and demand reduction, adequately extends and supports harm
reduction and treatment, and recognizes the need for effective
intervention at the individual and structural levels is indicated.
Strengths of the present study include the large and geograph-
ically diverse sample that includes both males and females of
varying ages. Detailed data were obtained through the ASI-MV
which allowed us to detect and describe unique classes based on a
variety of factors important to issues related to prescription opioid
use, such as the route of administration, presence of pain/medical
problems, and other substances concurrently abused as well as to
incorporate a random effect to account for correlations at the
patient ZIP code level. Also, similarities between the discovered
typologies, governmental statistics (e.g., TEDS), and previous
studies conducted among select populations provide a degree of
construct validity to the latent class analysis findings.
Limitations of this study include the use of cross-sectional data.
To determine whether the identified groups are unique or represent
stages in a progression of non-medical prescription opioid use, a
longitudinal study would be needed. Another limitation is the
reliance on self-reported data on substance use from a sample of
people abusing drugs and alcohol. Though research and reviews
continue to support the reliability and validity of self-report of
patients entering substance abuse treatment [77,78,79,80,81,82],
measurement error, in the form of reporting biases, may be present
in the ASI-MV data but would be expected to be non-differential,
when present, leading to under-estimates of observed associations.
True associations and prevalences may be larger. A third limitation
is that the sample includes prescription opioid users currently being
evaluated in substance abuse treatment settings, the criminal justice
system, and/or receiving public assistance, and therefore may not
be reflective of all prescription opioid users. The substance abuse
and criminal justice focus of most sites may capture important
avenues through which individuals who engage in prescription
opioid abuse enter a treatment system. However, the findings of this
study may not be directly comparable to other substance abuse
treatment datasets, such as the Treatment Episode Data Set [83].
Figure 1. Latent class-specific targeted interventions to reduce risk of addiction, overdose, and transmission of blood-borne
viruses. C1-C4 refer to latent class 1 to 4. Classes within the shaded area represent those subpopulations less likely to be reached through medical
care providers alone. BMI=brief motivational interviewing; PMP=prescription monitoring program; ED=emergency department; DUI=driving
under the influence; SBIRT=screen, brief intervention, referral to treatment approach; SEP=syringe exchange program; POS=point of sale (e.g.,
pharmacy).
doi:10.1371/journal.pone.0027244.g001
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adolescents under the age of 18, a population with potentially
differing patterns of non-medical prescription opioid use, so our
results may not generalize to them. It is also important to point out
that the ASI-MV network provides a sentinel surveillance sample,
useful for detecting trends and patterns in drug use. However,
estimates may be limited in generalizability across places and
populations, especially those with low participation in the ASI-MV
network. As the purpose of this analysis was not to generate
population estimates but rather to uncover patterns and trends in
prescription opioid use, the large, product-specific and geograph-
ically diverse sample were key. Unmeasured covariates that would
have been of interest to the present analysis include smoking status,
duration of use of specific prescription opioid products, motivations
for use of prescription opioids, and indicators of abuse or
dependence criteria. Last, it would be important to replicate the
latent class analysis findings in another, large sample of prescription
opioid users, to test the predictive validity of the identified classes,
and to explore their utility in tailoring pharmacovigilance,
prevention and intervention efforts.
In conclusion, this study detected multiple and distinct profiles
of prescription opioid users, suggesting a range of typologies rather
than a simple dichotomy of those who do or do not report non-
medical use of prescription opioids. For most patterns, non-medical
prescription opioid use did not occur in isolation of abuse of other
substances. The prominence of comorbid psychiatric and medical
problems suggest the need for better integration of and access to
mental health, primary care and substance abuse treatment.
Author Contributions
Conceived and designed the experiments: TG. Analyzed the data: TG RB.
Wrote the paper: TG RB JGS S.Budman S.Butler. Data interpretation:
TG S.Budman S.Butler.
References
1. Dasgupta N, Kramer ED, Zalman MA, Carino S, Smith MY, et al. (2006)
Association between non-medical and prescriptive usage of opioids. Drug
Alcohol Depend 82: 135–142.
2. Wisniewski AM, Purdy CH, Blondell RD (2008) The epidemiologic association
between opioid prescribing, non-medical use, and emergency department visits.
J Addict Dis 27: 1–11.
3. Goodman FD, Glassman P (2005) Evaluating potentially aberrant outpatient
prescriptions for extended-release oxycodone. Am J Health Syst Pharm 62:
2604–2608.
4. NSDUH (2007) 2007 National Survey on Drug Use & Health:National Results.
Rockville, MD: Substance Abuse Mental Health Services Administration.
5. Paulozzi LJ (2008) Trends in Unintentional Drug Overdose Deaths. Subcom-
mittee on Crime & Drugs Committee on the Judiciary and the Caucus on
International Narcotics Control United States Senate Washington, D.C.
6. Grau LE, Dasgupta N, Harvey AP, Irwin K, Givens A, et al. (2007) Illicit use of
opioids: is OxyContin a "gateway drug"? Am J Addict 16: 166–173.
7. Daniulaityte RV, Carlson RG, Kenne DR (2006) Initiation to pharmaceutical
opioids and patterns of misuse: Preliminary qualitative findings obstained by the
Ohio Substance Abuse Monitoring Network. Journal of Drug Issues. pp
787–808.
8. Paulozzi LJ (2007) Trends in Unintentional Drug Poisoning Deaths. Committee
on Energy & Commerce, Subcommittee on Oversight & Investigations, United
States House of Representatives. Washington, D.C.
9. Girion L, Glover S, Smith D (2011) Drug deaths now outnumber traffic fatalities
in U.S., data show. Los Angeles Times. Los Angeles, CA.
10. Kochanek KD, Xu J, Murphy SL, Minin ˜o AM, Kung HC (2011) Deaths:
Preliminary Data for 2009. Hyattsville, MD: National Center for Health
Statistics.
11. Paulozzi LJ, Budnitz DS, Xi Y (2006) Increasing deaths from opioid analgesics in
the United States. Pharmacoepidemiol Drug Saf 15: 618–627.
12. Hall AJ, Logan JE, Toblin RL, Kaplan JA, Kraner JC, et al. (2008) Patterns of
abuse among unintentional pharmaceutical overdose fatalities. Journal of the
American Medical Association 200: 2613–2620.
13. Boyd CJ, Esteban McCabe S, Teter CJ (2006) Medical and nonmedical use of
prescription pain medication by youth in a Detroit-area public school district.
Drug Alcohol Depend 81: 37–45.
14. McCabe SE, Boyd CJ, Teter CJ (2005) Illicit use of opioid analgesics by high
school seniors. J Subst Abuse Treat 28: 225–230.
15. McCabe SE, Boyd CJ, Young A (2007) Medical and nonmedical use of
prescription drugs among secondary school students. J Adolesc Health 40:
76–83.
16. Simoni-Wastila L, Yang HK (2006) Psychoactive drug abuse in older adults.
Am J Geriatr Pharmacother 4: 380–394.
17. Simoni-Wastila L, Ritter G, Strickler G (2004) Gender and other factors
associated with the nonmedical use of abusable prescription drugs. Subst Use
Misuse 39: 1–23.
18. Green TC, Grimes Serrano JM, Licari A, Budman SH, Butler SF (2009)
Women who abuse prescritpion opioids: Findings from the National Addictions
Viligance Intervention and Prevention Program. Drug Alcohol Depend 103:
65–73.
19. Butler SF, Budman SH, Fernandez K, Jamison RN (2004) Validation of a
screener and opioid assessment measure for patients with chronic pain. Pain 112:
65–75.
20. Butler SF, Fernandez K, Benoit C, Budman SH, Jamison RN (2008) Validation
of the revised Screener and Opioid Assessment for Patients with Pain (SOAPP-
R). J Pain 9: 360–372.
21. Manchikanti L, Cash KA, Damron KS, Manchukonda R, Pampati V, et al.
(2006) Controlled substance abuse and illicit drug use in chronic pain patients:
An evaluation of multiple variables. Pain Physician 9: 215–225.
22. Davis WR, Johnson BD (2008) Prescription opioid use, misuse, and diversion
among street drug users in New York City. Drug Alcohol Depend 92: 267–276.
23. Butler SF, Budman SH, Licari A, Cassidy TA, Lioy K, et al. (2008) National
Addictions Vigilance Intervention and Prevention Program (NAVIPPRO
TM):
A real-time, product-specific, public health surveillance system for monitoring
prescription drug abuse Pharmacoepidemiology and Drug Safety 17:
1142–1154.
24. Hendricks VM, Kaplan CD, VanLimbeek J, Geerlings P (1989) The Addiction
Severity Index: Reliability and validity in a Dutch addict population. Journal of
Substance Abuse Treatment 6: 133–141.
25. McLellan AT, Kushner H, Metzger D, Peters R (1992) The fifth edition of the
Addiction Severity Index. Journal of Substance Abuse Treatment 9: 199–213.
26. Gossop M (1992) Addiction: treatment and outcome. J R Soc Med 85: 469–472.
27. McCabe SE, Cranford JA, Boyd CJ, Teter CJ (2007) Motives, diversion and
routes of administration associated with nonmedical use of prescription opioids.
Addict Behav 32: 562–575.
28. Chitwood DD, Comerford M, Sanchez J (2003) Prevalence and risk factors for
HIV among sniffers, short-term injectors, and long-term injectors of heroin.
J Psychoactive Drugs 35: 445–453.
29. Stohler R, Dursteler-Mac Farland KM, Gramespacher C, Petitjean S,
Battegay R, et al. (2000) A comparison of heroin chasers with heroin injectors
in Switzerland. Eur Addict Res 6: 154–159.
30. Latkin CA, Knowlton AR, Sherman S (2001) Routes of drug administration,
differential affiliation, and lifestyle stability among cocaine and opiate users:
implications to HIV prevention. J Subst Abuse 13: 89–102.
31. Razak MH, Jittiwutikarn J, Suriyanon V, Vongchak T, Srirak N, et al. (2003)
HIV prevalence and risks among injection and noninjection drug users in
northern Thailand: need for comprehensive HIV prevention programs. J Acquir
Immune Defic Syndr 33: 259–266.
32. McLellan AT, Luborsky L, Woody GE, O’Brien CP (1980) An improved
diagnostic evaluation instrument for substance abuse patients. Journal of
Nervous and Mental Disease 168: 26–33.
33. Muthen B (2004) Latent variable analysis: Growth mixture modeling and related
techniques for longitudinal data. In: Kaplan D, ed. Handbook of Quantitative
Methodology for the Social Sciences. Newbury Park, CA: Sage Publications. pp
345–368.
34. Muthen LK, Muthen B (2007) Mplus User’s Guide. Los Angeles: Muthen &
Muthen.
35. Agrawal A, Lynskey MT, Madden PAF, Bucholz KK, Heath AC (2006) A latent
class analysis of illicit drug abuse/dependence: results from the National
Epidemiological Survery on Alcohol and Related Conditions. Addiction 102:
94–104.
36. Monga N, Rehm J, Fischer B, Brissette S, Bruneau J, et al. (2007) Using latent
class analysis (LCA) to analyze patterns of drug use in a population of illegal
opioid users. Drug Alcohol Depend 88: 1–8.
37. Nylund KL, Asparouhov T, Muthen B (2007) Deciding on the Number of
Classes in Latent Class Analysis and Growth Mixture Modeling: A Monte Carlo
Simulation Study. Structural Equation Modeling 14: 535–569.
38. Delucchi KL, Matzger H, Weisner C (2004) Dependent and problem drinking
over 5 years: a latent class growth analysis. Drug Alcohol Depend 74: 235–244.
39. Hickman M, Lingford-Hughes A, Bailey C, Macleod J, Nutt D, et al. (2008)
Does alcohol increase the risk of overdose death: the need for a translational
approach. Addiction 103: 1060–1062.
Prescription Opioid Use Typologies
PLoS ONE | www.plosone.org 9 November 2011 | Volume 6 | Issue 11 | e2724440. Warner-Smith M, Darke S, Lynskey M, Hall W (2001) Heroin overdose: causes
and consequences. Addiction 96: 1113–1125.
41. Shah NG, Lathrop SL, Reichard RR, Landen MG (2007) Unintentional drug
overdose death trends in New Mexico, USA, 1990-2005: combinations of
heroin, cocaine, prescription opioids and alcohol. Addiction 103: 126–136.
42. Wang C, Vlahov D, Galai N, Cole SR, Bareta J, et al. (2005) The effect of HIV
infection on overdose mortality. AIDS 19: 935–942.
43. Chaisson RE, Moss AR, Onishi R, Osmond D, Carlson JR (1987) Human
immunodeficiency virus infection in heterosexual intravenous drug users in San
Francisco. American Journal of Public Health 77: 169–172.
44. Marmor M, DesJarlais DC, Cohen H, Friedman SR, Beatrice ST, et al. (1987)
Risk factors for infection with human immunodeficiency virus among
intravenous drug abusers in New York City. AIDS 1: 39–44.
45. Substance Abuse and Mental Health Services Administration (2008) Treatment
Episode Data Set (TEDS) 1996-2006. National admissions to substance abuse
treatment services. Rockville, MD: Department of Health and Human Services.
46. Ghandour LA, Martins SS, Chilcoat HD (2008) Understanding the patterns and
distribution of opioid analgesic dependence symptoms using a latent empirical
approach. International Journal of Methods in Psychiatric Research 17: 89–103.
47. Wu LT, Woody GE, Yang C, Blazer DG (2010) Subtypes of nonmedical opioid
users: Results from the national epidemiologic survey on alcohol and related
conditions. Drug Alcohol Depend 112: 69–80.
48. McCabe SE, Boyd CJ, Teter CJ (2009) Subtypes of nonmedical prescription
drug misuse. Drug and Alcohol Dependence 102: 63–70.
49. Jamison RN, Kauffman J, Katz NP (2000) Characteristics of methadone
maintenance patients with chronic pain. J Pain Symptom Manage 19: 53–62.
50. Potter JS, Hennessy G, Borrow JA, Greenfield SF, Weiss RD (2004) Substance
use histories in patients seeking treatment for controlled-release oxycodone
dependence. Drug Alcohol Depend 76: 213–215.
51. Office of Applied Studies (2004) Results from the 2003 National Survey on Drug
Use and Health: National Findings. Substance Abuse and Mental Health
Services Administration.
52. Passik SD, Hays L, Eisner N, Kirsh KL (2006) Psychiatric and pain
characteristics of prescription drug abusers entering drug rehabilitation. J Pain
Palliat Care Pharmacother 20: 5–13.
53. Morasco BJ, Gritzner S, Lewis L, Oldham R, Turk DC, et al. (2011) Systematic
review of prevalence, correlates, and treatment outcomes for chronic non-cancer
pain in patients with comorbid substance use disorder Pain 152: 488–497.
54. Tetrault JM, Desai RA, Becker WC, Fiellin DA, Concato J, et al. (2008) Gender
and non-medical use of prescription opioids: results from a national US survey*.
Addiction 103: 258–268.
55. Back SE, Payne RL, Simpson AN, Brady KT (2010) Gender and prescription
opioids: Findings from the National Survey on Drug Use and Health. Addictive
Behaviors 35: 1001–1007.
56. Huang B, Dawson DA, Stinson FS, Hasin DS, Ruan WJ, et al. (2006)
Prevalence, correlates, and comorbidity of nonmedical prescription drug use and
drug use disorders in the United States: Results of the National Epidemiologic
Survey on Alcohol and Related Conditions. J Clin Psychiatry 67: 1062–1073.
57. McCabe SE, Teter CJ, Boyd CJ, Knight JR, Wechsler H (2005) Nonmedical use
of prescription opioids among U.S. college students: Prevalence and correlates
from a national survey. Addictive Behaviors 30: 789–805.
58. McCabe SE, Knight JR, Teter CJ, Wechsler H (2005) Non-medical use of
prescription stimulants among US college students: prevalence and correlates
from a national survey. Addiction 100: 96–106.
59. McCabe SE, Teter CJ, Boyd CJ (2005) Illicit use of prescription pain medication
among college students. Drug and Alcohol Dependence 77: 37–47.
60. Teter CJ, McCabe SE, Cranford JA, Boyd CJ, Guthrie SK (2005) Prevalence
and Motives for Illicit Use of Prescription Stimulants in an Undergraduate
Student Sample. Journal of American College Health 53: 253–262.
61. Lord S, Downs G, Furtaw P, Chaudhuri A, Silverstein A, et al. (2003)
Nonmedical use of prescription opioids and stimulants among student
pharmacists. J Am Pharm Assoc 49: 519–528.
62. McCabe SE, Boyd CJ, Cranford JA, Teter CJ (2009) Motives for Nonmedical
Use of Prescription Opioids Among High School Seniors in the United States:
Self-treatment and Beyond. Arch Pediatr Adolesc Med 163: 739–744.
63. Des Jarlais DC, Arasteh K, Perlis T, Hagan H, Heckathorn DD, et al. (2007)
The transition from injection to non-injection drug use: long-term outcomes
among heroin and cocaine users in New York City. Addiction 102: 778–785.
64. Havens JR, Oser CB, Knudsen HK, Lofwall M, Stoops WW, et al. (2011)
Individual and network factors associated with non-fatal overdose among rural
Appalachian drug users. Drug Alcohol Depend 115: 107–112.
65. Draus PJ, Carlson RG (2006) Needles in the Haystacks: The Social Context of
Initiation to Heroin Injection in Rural Ohio. Substance Use & Misuse 41:
1111–1124.
66. Gossop M, Griffiths P, Powis B, Strang J (1992) Severity of dependence and
route of administration of heroin, cocaine and amphetamines. Br J Addict 87.
67. Carise D, Dugosh KL, McLellan AT, Camilleri A, Woody GE, et al. (2007)
Prescription OxyContin abuse among patients entering addiction treatment.
Am J Psychiatry 164: 1750–1756.
68. Havens JR, Simmons LA, Oser CB, Shannon LM (2008) Characterizing opioid
analgesic injectors: Results from a national sample. College on Problems of Drug
Dependence. San Juan, PR.
69. McNees E, Stanton-Tindall M, Leukefeld CG, Walker R, Rees J (2008) An
exploratory profile of illicit prescription opiate users by route of administration.
San Juan, PR.
70. Havens JR, Walker R, Leukefeld CG (2008) Prescription opioid use in the rural
Appalachia: a community-based study. J Opioid Manag 4: 63–71.
71. Shah NG, Lathrop SL, Reichard RR, Landen MG (2008) Unintentional drug
overdose death trends in New Mexico, USA, 1990-2005: combinations of
heroin, cocaine, prescription opioids and alcohol. Addiction 103: 126–136.
72. Office of National Drug Control Policy (2011) Epidemic: Responding to
America’s Prescription Drug Abuse Crisis.
73. FDA (2011) Questions and Answers: FDA Requires a Risk Evaluation and
Mitigation Strategy (REMS) for Long-Acting and Extended-Release Opioids.
74. Green TC, Heimer R, Grau LE (2008) Distinguishing signs of opioid overdose
and indication for naloxone: an evaluation of six overdose training and naloxone
distribution programs in the United States. Blackwell Publishing Ltd. pp
979–989.
75. Doe-Simkins M, Walley AY, Epstein A, Moyer P (2009) Saved by the Nose:
Bystander-Administered Intranasal Naloxone Hydrochloride for Opioid Over-
dose. Am J Public Health 99: 788–791.
76. Dasgupta N, Sanford C, Albert S, Wells Brason F (2010) Opioid Drug
Overdoses: A Prescription for Harm and Potential for Prevention. American
Journal of Lifestyle Medicine 4: 32–37.
77. Connors GJ, Maisto SA (2003) Drinking reports from collateral individuals.
Addiction 98(Suppl 2): 21–29.
78. Del Boca FK, Darkes J (2003) The validity of self-reports of alcohol
consumption: state of the science and challenges for research. Addiction
98(Suppl 2): 1–12.
79. Neale J, Robertson M (2003) Comparisons of self-report data and oral fluid
testing in detecting drug use amongst new treatment clients. Drug Alcohol
Depend 71: 57–64.
80. Secades-Villa R, Fernandez-Hermida JR (2003) The validity of self-reports in a
follow-up study with drug addicts. Addict Behav 28: 1175–1182.
81. Yacoubian GS, Jr., Urbach BJ (2002) To pee or not to pee: reconsidering the
need for urinalysis. J Drug Educ 32: 261–270.
82. Solbergsdottir E, Bjornsson G, Gudmundsson LS, Tyrfingsson T, Kristinsson J
(2004) Validity of self-reports and drug use among young people seeking
treatment for substance abuse or dependence. J Addict Dis 23: 29–38.
83. United States Department of Health and Human Services (2009) Treatment
Episode Data Set — Admissions (TEDS-A). In:Substance Abuse and Mental
Health Services Administration OoAS, editor. ICPSR30462-v1 ed. Ann Arbor,
MI: Inter-university Consortium for Political and Social Research [distributor].
Prescription Opioid Use Typologies
PLoS ONE | www.plosone.org 10 November 2011 | Volume 6 | Issue 11 | e27244